Abstract Climate warming is expected to influence forest growth, composition and distribution. However, accurately estimating and predicting forest biomass, potential productivity or forest growth is still a challenge for forest managers dealing with land-use at the stand to regional levels. In the present study, we predicted the potential productivity (PP) of forest under current and future climate scenarios (RCP2.6, RCP4.5, RCP6.0 and RCP8.5) in Jilin province, northeastern China by using Paterson's Climate Vegetation and Productivity (CVP) index model. The PP was validated by comparing it with the mean and maximum net primary production calculated from light energy utilization (GLM_PEM). Our results indicated that using the CVP index model is partially valid for predicting the potential forest productivity in northeastern China. PP exhibited obvious spatial heterogeneity varying from 4.6 to 8.9 m 3 ha -1 year -1 with an increasing tendency from northwest to southeast driven by the precipitation across the region. The number of vegetation-active months, precipitation and insolation coefficient were identified as the primary factors affecting PP, but no significant relationship was found for warmest temperature or temperature fluctuation. Under future climate scenarios, PP across the Jilin Province is expected to increase from 1.38% (RCP2.6 in 2050) to 15.30% (RCP8.5 in 2070), especially in the eastern Songnen Plain (SE) for the RCP8.5 scenarios.
Introduction
Because forests are so important as carbon (C) sinks for mitigating climate change and provide other essential ecosystem services (Chapin et al. 2008; Coomes et al. 2014) , climate warming is expected to directly influence forest structure and functions, such as productivity, by altering abiotic conditions (e.g., temperature, precipitation and atmospheric CO 2 concentration) (Morin et al. 2018; Correia et al. 2018; Wang et al. 2019 ). This effect is especially considerable in boreal forests of China (Fang and Wang 2001; Fang et al. 2003 Fang et al. , 2017 Gao et al. 2017) because tree establishment and growth in this kind of ecosystem will be significantly altered as climate changes further. Therefore, it is necessary to understand how boreal forest ecosystems will respond to the future climate change.
Although increased forest productivity has been reported (Fang et al. 2003; Boisvenue and Running 2010; Hember et al. 2012) , other studies have found reduced productivity in temperate and boreal forests in continental dry climates (Barber et al. 2000; Verbyla 2011; Chen and Luo 2015; Walker et al. 2015; Zhang et al. 2015; Girardin et al. 2016) , mostly due to the severe droughts induced by warming. Because the climatic factors constraining (temperature, precipitation and radiation) forest productivity varies in different parts of the world (Churkina and Running 1998; Nemani et al. 2003; Boisvenue and Running 2010) , predictions of the effects of climate change on forest productivity still require more validation (Matias et al. 2017) .
In addition, accurately estimating and modelling potential forest productivity (PP) at different scales are central elements of forest management and planning (Benavides et al. 2009; Berrill and O'Hara 2013; Duan et al. 2018) . They provide critical information to forecast rates of change and estimate potential forest production under climate change. A variety of modelling approaches have been used to evaluate forest productivity using a wide range of environmental and stand variables (Corona et al. 1998; Bergès et al. 2005; Jiang et al. 2015; Duan et al. 2018) . A general approach may be either phytocentric, considering production as the ultimate measure of site productivity, or geocentric, considering site productivity dependent on climatic and soil variables (Benavides et al. 2009 ). However, the site index is linked to a specific species and forest structure (Monserud and Sterba 1996; Bravo and Montero 2003; Benavides et al. 2009 ).
Therefore, the site index seems to be an inappropriate tool for non-forest land (Ung et al. 2001 ) and for young stands since a slight error in estimation at this age could lead to a much larger error (Bailey and Cieszewski 1992) . Other studies in China have used remote sensing models to assess net primary production (NPP) (Piao et al. 2005; Wang et al. 2010; Pan and Zhen 2015; Piao et al. 2015) . However, remote sensing data contain other factors in addition to climate, for example, air pollution, land-use change, the potential of regional forest productivity cannot be really reflected. Therefore, selecting an appropriate modeling method to estimate forest potential productivity is essential for forest management and better prediction of ecological consequences of climate change on forest in the future (Landsberg 2003) .
The potential productivity of a vegetation on a site depends on the maximum sustained utilization of the environmental resources. Paterson (1956) developed the Climate Vegetation Productivity (CVP) index, which has become a valuable method for evaluating potential productivity of any forested vegetation by correlating climate and productivity. Productivity is described as volume increment per year, which is directly linked to growth and yield in forest management. Paterson showed that the forest productivity of a site is mainly determined by climatic factors, e.g., solar radiation, favorable temperature, precipitation and number of vegetation active months in any regions, where the climate has had enough time to develop soils (Nabuurs 1998) . The CVP index was designed to predict the maximum growth potential in terms of volume production (Hägglund 1981) . The index has been widely used by forest managers in Spain (Benavides et al. 2009 ), Australia (Howden and Gorman 1999) , Pakistan (Champion et al. 1965) , Bangladesh and so on with acceptable results at regional scales (Vanclay 1992) . But the CVP index has not been assessed or used in China.
In this study, we used the CVP index model to evaluate the spatial variation of forest potential productivity in northeastern China and predict the possible consequences of future climate on it. First, the model was validated by comparing the average and maximum net primary production (NPP) values calculated by the model of light energy utilization (GLO_PEM). Then, the CVP index was used to simulate and predict forest potential productivity in Jilin Province in northeastern China under future climate scenarios.
Materials and methods

Study area
The study was done in Jilin Province in northeastern China from 40°52 0 to 46°18 0 N, 121°38 0 -131°19 0 E with an area of 21,3150 km 2 , comprising three subregions, including the southern Changbai Mountain (CB), eastern Songnen Plain (SE) and western Songnen Plain (SW) (Fig. 1) . As one of the most important natural forest regions in China, the forests in the province provide timber and ecological services. The climate, controlled by high latitude East Asia monsoon, is temperate continental with warm summers, cold winters, abundant precipitation and a short growing season. Annual mean temperature is about 3.8°C in CB, 5.1°C in SE and 5.6°C in SW. The average annual precipitation is about 703 mm in CB, 551 mm in SE and 442 mm in SW. The temperature and total precipitation is expected to increase by around 0.6, 1.6, 2.4°C and 2.3, 6.2, 9.0% in the years 2020, 2050, and 2070, respectively ). These climate changes will have potential effects on forest ecosystems.
Data
Climate data, including annual mean temperature, annual precipitation, maximum temperature of warmest month, temperature fluctuation (difference between mean monthly maximum temperature and minimum temperature) and solar radiation during ''present'' (1970-2000) and future (2050 and 2070) climate were extracted from the WorldClim-Global Climate Data (http://www.worldclim.org/) at a spatial resolution of 1 km 9 1 km. Four greenhouse gas emissions scenarios for future climate were selected (CCSM4-RCP2.6, RCP4.5, RCP6.0, and RCP8.5; Table 1), which indicated that the temperatures in forest areas of China were projected to increase by between 1.1°C under RCP2.6 and 3.5°C under RCP 8.5 relative to the average temperature during the baseline period of 1970-2000.
The NPP (Net Primary Productivity) data set (2000-2010) was downloaded from the Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) (http://www.resdc.cn). NPP was calculated using the model of light energy utilization (GLO_PEM), which is based on the linear relation of light energy utilization between GPP (Gross Primary Productivity) and APAR(Absorbed Photosynthetically Active Radiation) (Prince and Goward 1995), and the following equations:
where PAR is photosynthetic active radiation, FPAR is the ratio of photosynthetic effective radiation absorbed by vegetation, e is realistic light energy utilization, R a is aerobic respiration of vegetation, e * is potential photosynthetic rate of vegetation, and r T , r E , and r S are the effect coefficient of air temperature, atmospheric moisture and soil moisture loss on plant growth, respectively.
Climatic productivity
The CVP index developed by Paterson (1956) is given by Eq. 5:
where V is the maximum temperature in the warmest month (°C); A is the temperature fluctuation (difference between the mean monthly maximum temperature and minimum temperature,°C); P is the annual precipitation (2070) CCSM4-rcp2.6 1.3 (0.3-2.2) 1.1 (0.1-2.0) CCSM4-rcp4.5 1.7 (0.7-2.9) 2.1 (1.1-2.6)
Impacts of climate change on the potential forest productivity based on a climate-driven… (mm); T is the annual mean temperature; G is the length of the growing season (months), according to Gaussen criteria (1954) using De Martonne aridity index (I, mm/°C), that is, with only humid months having an index above 20 included in the growing months, as long as this temperature is equal to or exceeds a minimum threshold of 6°C (Eq. 6); and E (insolation coefficient) is the radiation received at the pole expressed as a percentage of the radiation received at the latitude in question. The variables A, V, P, E and G (required for the CVP index) in Jilin Province were mapped ( Fig. 2a-e) , and summary statistics are listed in Table 2 . The relationship between the CVP index and PP was assessed using Eq. (7), developed by Paterson (1956) and validated for the FAO and other working parties, and given as m 3 ha -1 year -1 :
where x is the CVP index and y is the forest PP (maximum mean annual increment by stand volume). 
Statistical analyses
The relationship between PP estimated from the CVP index and NPP observed in field (the mean and maximum NPP from 2000 to 2010) was examined to validate the reliability of PP values. Values for 2000 sites (10 times repeated) were randomly selected from the PP and NPP maps across the Jilin province ( Fig. 1) . To assess and spatially model these ecological variables, ArcGIS 10.2 was used (http:// www.esri.com/).
Results
Spatial variation and relationship between PP and NPP
Spatial heterogeneity of PP were found across Jilin Province ( Fig. 3a) , showing an increasing tendency from the lowest values (5.45 ± 0.49 m 3 ha -1 a -1 ) in the SW, through the intermediate (6.47 ± 0.55 m 3 ha -1 a -1 ) in the northwest to the highest (7.26 ± 0.64 m 3 ha -1 a -1 ) in the southeast (SW-SE-CB, Table 3 ). The CVP index and PP ranged from 193.2-1264.3 and 4.6-8.9 m 3 ha -1 a -1 , respectively (Fig. 3a, b) .
Power functions well described the relationships between PP and mean and maximum NPP. Coefficients of determination (R 2 ) of mean NPP and PP (0.586-0.633) were higher than for PP and maximum NPP (0.318-0.395) (Figs. 4, 5) (P \ 0.0001). The values of PP showed a significant positive relationship with both mean and maximum NPP values in Jilin Province, and the correlation is medium and not high as expected.
Climate change effects on potential forest productivity
Potential productivity was significantly (P \ 0.0001) correlated with the length of the growing season, precipitation, insolation coefficient and maximum temperature in the warmest month (Fig. 6 ). PP increased with growing season length and precipitation, first increasing and then decreasing with the insolation coefficient and warmest temperature, but no significant relationship was found for temperature fluctuation. Impacts of climate change on the potential forest productivity based on a climate-driven… Table 3 shows that PP in the three subregions of Jilin Province under future climate scenarios. Compared with the present climate, PP in all the subregion sites would increase under the future climate change, but the increment in PP varied with both warming scenarios and the subregion sites (Fig. 7) . In this paper, the RCP2.6 and RCP8.5 scenarios, representing the mean minimum of warming (1.3°C in 2050, 1.1°C in 2070) and mean maximum of warming (2.4°C in 2050, 3.5°C in 2070) , were selected to analyze the variation in PP under climate change.
The largest increase in mean PP was in region SE across all warming scenarios (Fig. 8) (Table 3 ). The largest increase in mean precipitation also was in the SE, which amounted to 38.5% (170 mm) to 55.7% (24 mm), although the maximum temperature increment (0-7.8%) was smaller than in the CB (0.4-9.3%) and SW (1.7-9.6%) ( Table 4 ). The minimum increase in mean PP was in the CB (Fig. 8) (Table 4) . Although mean precipitation increment in the CB (8.3-20.9%) was larger than in the SE (-2.7 to 13.4%), the maximum temperature rise was smaller (0.4-9.3% in CB, 1.7-9.6% in SW) than in SE (Table 4) .
Discussion Potential productivity modelling
In forestry studies, forest site productivity is evaluated with the help of different indices. Site index is most frequently used, but it is tree species-dependent (Sajjaduzzaman et al. 2005) and is difficult for uneven-aged and young forests (Weiskittel et al. 2011) . There is no single index based directly on climate parameters that is sufficiently precise for forest management and modeling . The CVP index model could be better for predicting PP using only climate factors (Kant 2005) . As a vegetationfree index, it is the key process to determine vegetation productivity potential in any region according to climatic parameters although the index cannot completely explain the site quality of specific forest sites. This approach has been widely used for afforestation planning in Spain, together with other more specific studies, focused on evaluating the site potentiality for forests (Benavides et al. 2009 ). However, the CVP index has not been assessed or used in China. Owing to the lack of data on forest PP generated from permanent sample plots at a large scale, we validated the CVP index-based PP against mean and maximum NPP for Jilin Province in northeastern China by analyzing forest PP based on the CVP index and found that PP was moderately significantly correlated with NPP. The pattern of PP was consistent with climatic gradients; thus, the approach is partially valid for predicting PP of forests in northeastern China with the coefficients of determination from 0.318 to 0.633 between PP and NPP. There is no acceptable method to quantifying forest PP, and the results are also dependent on the accuracy of the climate data. Therefore, more validation is needed to further examine the parameters describing the relationship between CVP index and PP in the model.
Climate effects on forest potential productivity
Although all biological activity in a forest is ultimately dependent on absorbed solar radiation, solar radiation alone obviously does not determine forest PP (Boisvenue and Running 2010) . Our results indicated that the insolation coefficient (E), precipitation and length of the growing season were the major factors controlling forest PP in northeastern China. The forest PP presented the peak curve with the insolation coefficient and warmest temperature. One possible explanation for our results is that increasing Fig. 4 Relationship between potential productivity (PP) and mean NPP for 2000-2010 (N = 2000) . a-j The 10 times randomly selected sites Impacts of climate change on the potential forest productivity based on a climate-driven… . a-j The 10 times randomly selected sites solar radiation may also increase the temperature and vapor pressure deficit of the air, and thereby increase transpiration rates, resulting in adverse effects when beyond the maximum photosynthetic utilization (Benavides et al. 2009 ). However, the value of E in our study decreased in order from CB to SE to SW, which was inconsistent with the PP pattern, indicating that the insolation coefficient was not the major influence on variation in forest PP in northeastern China. Our result indicated that the PP was positively correlated with precipitation, which is consistent with the result of He et al. (2015) who found that the NPP of a Larix olgensis forest in northeastern China was significantly correlated with annual precipitation. Knapp and Smith (2001) also found that the aboveground NPP was significantly correlated with annual precipitation across North America. In Jilin Province in northeastern China, the PP pattern was consistent with that of the precipitation, and both were higher in CB than in SW and SE (Figs. 2b, 3a) . Liu et al. (2005) found that the forest grows fastest in CB mountain region than in other forest regions of northeastern China. These results indicated that precipitation was the major control factors of forest PP variation in Jilin Province. Wang (2006) further indicated that variation in NPP in northeastern China was significantly correlated with precipitation and temperature.
The length of the growing period can be often used to assess the crop production potential because it represents an area within which temperature and precipitation conditions are suitable for crop growth for a given number of days in the year (FAO 1996) . Pretzsch et al. (2011) found that an extension of the growing season can benefit forest growth in alpine areas of Central Europe. These results are similar with our study, showing that forest PP was positively correlated with the length of the growing season; that is, the longer the growing period the higher the productivity of the forest. Impacts of climate change on the potential forest productivity based on a climate-driven… Meanwhile, temperature controls the rate of plant metabolism and thus photosynthesis . Our study showed, however, that temperature fluctuation was not correlated with PP; temperature and precipitation regime were more relevant when calculated for the length of the growing season.
Our results indicated dramatic spatial heterogeneity in PP across Jilin Province; PP gradually decreased from east to west consistent with the increasing NPP from west to east in western Jilin Province (Tang et al. 2013) . The lower PP in the western (SW) zone resulted from the higher solar MaxT, maximum temperature (°C); P, precipitation (mm); DT(P), the increment of maximum temperature and precipitation from present to future scenarios Impacts of climate change on the potential forest productivity based on a climate-driven… radiation, lower precipitation and the shorter growing period (Fig. 2a, b, d ).
Forest potential productivity under future climate change scenarios
One objective of this study was to identify the possible signs and magnitude of forest PP changes in response to future climate change across Jilin Province in northeastern China during the 21st century. Our results indicated that PP across Jilin Province gradually increased under all tested RCP scenarios (2050 and 2070), especially the RCP8.5 scenario. These results were consistent with the analysis of satellite data accompanied by process-based modelling showed that the NPP in China increased between 1982 and 1999 (Fang et al. 2003) . Zhao et al. (2008) found that NPP of a forest in northeastern China would increase 9.37% with a temperature increase of 3°C using the forest carbon budget model FORCCHN that is based on the growth of individual trees, and Peng et al. (2009) predicted that climate change would increase forest NPP and biomass carbon under all three climate change scenarios in northeastern China based on the process-based forest growth model TRIPLEX. He et al. (2015) studied the response of NPP of a Larix olgensis forest in Jilin Province to climate change and found that the NPP would increase under the SRES A2 and B2 scenarios with increased temperature and CO 2 concentration. Zhao et al. (2009 Zhao et al. ( , 2011 predicted that the NPP of coniferous and broad-leaf mixed forests in northeastern China had an increasing trend under future climate warming, using the GLOPEM-CEVSA model. Shen et al. (2015) studied the potential impacts of regional climate change on productivity of Larix olgensis in northeastern China using a generalized additive model (GAM) and found that the change of mean site productivity of Larix olgensis would vary from 2.2 to -5.9% by 2050 and from 3.7 to -11.8% by 2070 under three BC-RCP scenarios with rising temperature and increasing precipitation. Although all RCPs scenario simulations indicated that forest PP would increase by the end of this century in response to future climate changes, the magnitude of this increase varies markedly among different areas (PP increased by 8.19-15.30% in SE, 1.38-9.36% in CB, 3.48-11.56% in SW from the present to 2070). For example, compared with the SE and SW, the PP in CB was the highest, but the increment in PP under future climate change was the lowest, and the increment in PP under future climate change in SE was the largest. The reason for the spatial variation in PP may include the following aspects. First, given the spatial heterogeneity of environment variables (e.g., temperature, precipitation) and the difference of climate change across study areas, the mean precipitation increase was larger in the SE than in the CB and SW. Second, the climate change scenario for the rise of atmospheric CO 2 concentration on the one hand can increase the temperature; on the other hand, it can have a fertilizer effect. For example, Peng et al. (2009) found that the combined effects of climate change and CO 2 fertilization on the increase of NPP were estimated to be 10-12% for the 2030s and 28-37% for the 2090s, and Fang et al. (2017) indicated that the drought can be compensated by a CO 2 fertilization effect on NPP in eastern China. In addition, increasing CO 2 concentration also can decrease the wateruse efficiency in a forest (Cramer et al. 2001) . As a result of such complex climate interaction effects and plant response patterns, there is no universal method to estimate climate change impacts on forest PP. Therefore, effective management strategies should be based on careful analysis of local climate change patterns.
Conclusions
With the rapid climate change in recent decades, assessing the impacts of climate factors on forest ecosystem productivity in northeastern China and elsewhere has become important. The CVP index model, which we first validated using NPP according to the model of light energy utilization (GLM_PEM), provided a valuable tool to evaluate the effects of climate change on the forest potential productivity in northeastern China. Our results showed that spatial variations in forest PP were influenced most by changes in precipitation, length of the growing season and insolation coefficient. The PP is expected to increase in response to future climate change scenarios by the end of this century. But the increment of change in PP under climate change scenarios varied in different areas, with the largest increase predicted in SE and the lowest in CB.
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